Background-Traditional methods of reporting adverse events (AEs) in clinical trials are inadequate for modern oncology therapies with chronic administration. Conventional analysis and display of maximum grade AEs do not capture toxicity profiles that evolve over time or longer lasting, lower grade toxicity as does this longitudinal Toxicity over Time (ToxT) approach.
diarrhea grades for IROX patients and the AUC analysis indicated a higher magnitude of diarrhea experience over time in IROX compared to FOLFOX (4.2 versus 2.9, p<0.0001).
Interpretation-The
ToxT analytic approach incorporates the dimension of time and offers a more comprehensive depiction of toxicity than current methods. With new, continuously administered targeted agents and maintenance regimens, these improved longitudinal analyses are directly relevant to patients and are imperative in oncology clinical trials. 
Funding-US

BACKGROUND
A consensus system for reporting of adverse events (AEs) is a cornerstone of clinical trials in oncology. Precise, complete and unbiased reporting of AEs is required to ensure the safety and tolerability of novel agents or combinations in cancer therapy trials. AE characterization is also important to patients and clinicians engaged in shared decisionmaking about a treatment strategy. There have been numerous initiatives to improve the quality of harms-related data reporting and to standardize toxicity reporting [1] [2] [3] [4] . However, there has been little attention to modernizing methods of toxicity analysis so that they reflect current oncology therapeutics and trials.
Over the past decade, rapid expansion of novel, individualized therapies against cancer has driven a change in the complexity of the clinical trials investigating these drugs. Newer agents, such as targeted therapies and immunotherapy, are sometimes used continuously over months or years, rather than for a set number of cycles. Maintenance regimens are increasingly relevant in a variety of settings, from multiple myeloma post-transplant to metastatic colorectal cancer. Moreover, improvements in supportive care have facilitated extended durations of therapy. The consensus methodology for reporting AEs has not evolved in parallel with extended treatment durations.
There are significant limitations to current methods for capturing and displaying AE data. Tables of high-grade events as defined by the Common Terminology Criteria for Adverse Events (CTCAE) 5 traditionally display high grade events experienced during the entire trial. These analyses fail to define important information on when an AE will arise, its duration or its severity at a given point during therapy 6 . Importantly, conventional methods do not account for longer lasting, lower grade toxicities that may have substantial ramifications on quality of life. For example, an isolated episode of high grade diarrhea, whether or not causally associated with a study drug, is recorded, but chronic grade 2 diarrhea occurring daily over months at significant expense to a patient's quality of life gets lost in the toxicity assessment.
Inclusion of time-related information would provide a more comprehensive depiction of AEs that evolve over time. Alternate methods of longitudinal and graphical AE evaluation do exist [7] [8] [9] [10] [11] . Some propose unique methods of summarizing AEs including bar charts and stream plots 12 , but they do not focus on the comprehensive identification of patterns and differences in toxicity over time. Importantly, prior approaches have not been applied in an intuitive, clinically-oriented format and they have not been used for evaluation by regulatory agencies. We developed an analytic approach and standardized, comprehensive format, the Toxicity over Time (ToxT), which combines graphs and AE tabular displays with multiple longitudinal statistical techniques into a readily applicable tool for toxicity evaluation. In the current study, ToxT analysis is applied to data from two previously conducted cancer clinical trials at Mayo Clinic to demonstrate its utility for depicting AE profiles over time.
METHODS
Study Design
AE data from two completed North Central Cancer Treatment Group (NCCTG/Alliance) trials were used to demonstrate multiple longitudinal analyses that constitute the ToxT tool. N9741 was a randomized Phase III trial of combinations of oxaliplatin (OXAL), 5-fluorouracil (5-FU), and irinotecan (CPT-11) as initial treatment of metastatic colorectal cancer 13 . A total of 795 patients were randomly assigned to three treatment arms, of which we used the two most clinically relevant cohorts. FOLFOX (5-FU plus oxaliplatin) or IROX (CPT-11 plus oxaliplatin) chemotherapy were administered intravenously once every cycle. For FOLFOX one cycle was two weeks in length and for IROX one cycle was three weeks. Toxicity data was recorded at the end of each cycle. N9741 is registered with ClinicalTrials.gov, as NCT00003594. NCCTG/Alliance 979254 was a randomized Phase III trial comparing varying doses of venlafaxine to placebo in the management of hot flashes 14 . 191 patients had evaluable data for the study period. After a baseline assessment (week 1), participants took study medication orally for 4 weeks (weeks 2-5). AE data was collected at weekly intervals in this study. Statistical analyses could identify differences at each time point (per cycle on N9741 and per week on NCCTG 979254) and capture trends over time.
Procedures
Individual patient toxicity data on each trial was available for analysis through the NCCTG/ Alliance database. Participants on both trials signed an IRB-approved, protocol-specific informed consent in accordance with federal and institutional guidelines.
Statistical Analysis
Data Analysis-Data analysis included testing of continuous data via Wilcoxon or t-tests and tests of discrete data via Chi-square or Fisher Exact tests to depict differences. Longitudinal techniques were also performed, and include repeated measures, time-to-event analysis using Kaplan-Meier (K-M) methodology, and area under the curve (AUC) analysis.
Repeated measures compares values collected at regular intervals between two treatment groups to assess if there are differences between arms over time. It takes into account within patient variations and between patient variations within the same treatment group, uses all available data per patient and does not exclude patients missing some AE data. Assumptions underlying the repeated measures model are tested for consideration of an alternative growth model. Repeated measures considers the time variable to be discrete and thus time increments do not have to be the same length. In this model, the AE grade was entered as a continuous, dependent variable. The independent variables included age, sex, study arm, the cycle of treatment, and all of the stratification variables for the study. Age was entered as a continuous covariate, and all of the other variables were entered as nominal variables. The stratification variables are different for each study. The independent cycle variable was the repeated element in the model and it included the baseline cycle. Thus, the baseline AE is the starting point for the model. The input into ToxT currently assumes that all model assumptions (e.g. normality and homoscedasticity for analysis of variance testing) have been checked. A growth curve option exists for a continuous time variable, such as days or cycles of equal length. A significant p-value for the treatment group-time point interaction is an indication of differences in the profile over time.
K-M or Cox modeling are commonly applied to time-to-occurrence endpoints such as overall survival. These techniques are also useful when applied to time-to-AE occurrence since the incidence of an AE is important not only in its presence, but also in the time of onset.
Area Under the Curve (AUC) provides a single number to represent assessed values, such as the grades of diarrhea collected per cycle. The AUC is calculated with a mathematical formula that finds the area under a graphed line of data. The entire area or the pro-rated amount may be analyzed. Missing data are accounted for using various imputation techniques prior to the AUC analysis. AUC differences between two groups are compared using Kruskall-Wallis, Student's t-test or Wilcoxon test.
For all statistical procedures, distributional and procedural assumptions (for example, normality and homoscedasticity) are included in the algorithmic process. Data conversions for appropriate variance stabilizing transformations (square root, logarithmic) should be performed prior to applying the ToxT analysis. Further sensitivity analyses to account for missing data have been previously developed by our team 15, 16 . These include missing data algorithms involving 16 different types of assumptions for imputing missing data: single imputation, multiple imputation, minimum, maximum, mean and median imputation, last value carry forward, nearest neighbor analysis and Bayesian methods. These should also be utilized prior to applying ToxT analysis.
The ToxT tool was written using SAS software, version 9.4 17 and includes methodology for performing all of the analyses described above plus a macro (%Table) 18 developed by the Mayo Clinic Cancer Center Statistics statistical team to aid in analysis. The macro produces summary statistics and p-values for discrete and continuous data and contains an option for testing continuous data for normality prior to compiling the p-value, if needed. The macro can also produce K-M results.
Graphical Displays-AE data are displayed in many ways in the ToxT package. Bar charts display the frequency of events at a singular time point or over many time points. Stream plots display actual values or summary statistics (i.e. means) at specific time points connected by a line to show trends (i.e. slope) over time. Butterfly plots mirror data on both sides of a central axis to visually compare individual patient data or summary statistics between two groups.
More dynamic graphs include K-M curves displaying time-to-event analyses and AUC plots, which are a visual representation of the area under the curve methodology described above. Event charts and heat maps also provide visualization of the AEs. Individual patient data is graphed resulting in an overall display of the AE profile of an entire cohort of patients over an entire trial. Event charts are created using a macro (%event) developed by the Mayo Clinic Cancer Center 10 . They provide unique patterns of toxicity data that can be grossly compared, and also have the capability to provide information to the resolution of an individual patient on study.
Role of the funding source
Both of the trials analyzed in this report were conducted through the NCCTG/Alliance utilizing funds from the National Cancer Institute Alliance NCORP Research Base (UG1CA 189823, PI Diasio) and the Mayo Comprehensive Cancer Center Grant-Biostatistics (P30CA 15083, PI Buckner). All authors had full access to all of the data and the corresponding author had final responsibility to submit for publication.
RESULTS
These results demonstrate the application of the ToxT analytic approach and its comprehensive, standardized outputs for longitudinal toxicity evaluation. The outputs below can be customized according to the needs of an individual study.
Output 1. Individual AEs at Each Time Point
A comparison of treatment groups may occur on a discrete interval (ex. weekly) or cycle-bycycle basis to determine when AEs get worse, when they get better, and when they differ between arms. A weekly comparison of dry mouth incidence between venlafaxine 150 mg and placebo in patients on 979254 is shown in Table 1 (see appendix) , which is produced using the %Table macro and could be constructed for each AE of interest on a clinical trial. It reveals a difference in this AE between the two cohorts beginning after week 1. The bar chart ( Figure 1 ) serves as a graphical representation of N9741 data by each cycle and facilitates side-by-side comparison of diarrhea grade between the two regimens which could be readily reviewed with a patient. The difference in mean diarrhea grade between FOLFOX and IROX at cycle 1 was statistically significant (p<0.001) and FOLFOX is consistently seen to have less diarrhea than IROX.
Output 2. AE Trajectory Over Time
A stream plot shows AE trajectory in a format that is easily interpreted. An analysis using minutes or hours is applicable for events such as infusion reactions. Visualizing AEs over days might be appropriate for an AE such as delayed nausea and vomiting. Using weeks, cycles or months is appropriate for more chronic types of AEs such as chemotherapyinduced peripheral neuropathy.
The FOLFOX toxicity by cycle graph (Figure 2a) shows multiple treatment-related AEs over time in patients on N9741 in a single arm of the study. Nausea was experienced at a higher grade than the other AEs at cycle 1, then decreased over time. Other AEs such as stomatitis, remained steady over treatment. Clinically, these data suggest the role for augmented antiemetics early on in treatment with deescalation later on. A butterfly plot of these data uses the same y-axis for ready comparison of mean grades of each AE between two different treatment arms, displaying patients on FOLFOX (left) and IROX (right) (Figure 2b ). The stream plot in Figure 2c is from NCCTG 979254, and reflects the mean dry mouth incidence in patients on venlafaxine versus placebo at weekly intervals. It is a visual display of the data shown in more detail on Table 1 (appendix). We see increased dry mouth on venlafaxine 150 mg compared to placebo, observed mainly in the later weeks of the study (incidence of 13% for venlafaxine and 22% for placebo at week 1 [baseline], p =0.20, versus 28% and 10%, respectively, at week 2, p=0.02, and a significant split with 49% with dry mouth on venlafaxine and 2% on placebo at week 5, p<0.0001). These data suggest that monitoring and management of this AE should begin around a month after initiation of drug. Defining the trajectory of an AE with this type of output is relevant to clinical trial design, as it may, for example, spur investigations of graduated dosing approaches if AEs are prevalent upfront.
Output 3. Repeated Measures for Rate of Change in AE Grades Over Time
A cycle is a continuous variable and therefore a growth curve model, a type of repeated measures analysis, is appropriate to compare two treatment arms over time. When displaying nausea grades between FOLFOX and IROX (Figure 3) , the difference in arms over time is apparent. Nausea grades are higher for IROX than FOLFOX at each time point. At cycle 1 the mean grade was 1.1 for IROX versus 0.6 for FOLFOX (p<0.0001). This graph is a display of the mean nausea grade at each cycle for each arm and is not a result of the growth curve modeling. When applying growth curve methodology to these data, it was found that there is no difference in nausea trajectory over time (i.e. slope) between the two arms. The repeated measure result indicates a p-value of 0.18, which affirms no difference in the trajectory of nausea grades over time. Clinically, this might be due to a tachyphylaxis response where the symptom waned equally in both arms among most patients with repeated drug exposure. Alternatively, it might suggest that nausea on both arms was effectively managed with an antiemetic regimen. As a contrast, Figure 2c depicts a clear difference in slopes between arms (p<0.001).
Output 4: Time-to-Event Analyses for Onset of AEs
Time-to-event analysis provides information on the onset of AEs via graphic or tabular displays and associated p-values using K-M or Cox methodology. AE onset is clinically relevant in anticipating the need for an AE intervention. For example, the time to neutropenia suggests the potential need for growth factor. K-M analyses show that grade 2+ diarrhea onset occurs earlier for patients on IROX than those on FOLFOX in N9841 ( Figure  4a ). At 1 month, approximately 30% of patients receiving IROX experienced a grade 2 or higher diarrhea compared to less that 10% of those receiving FOLFOX, supporting an early role for increased antidiarrheals in irinotecan-containing regimens. The bar chart (Figure 4b) is alternate way to look at time-to-events. It depicts the time to first occurrence and time to worst grade of six different AEs for the IROX patients. All but paresthesias had time to first occurrence within the first month of treatment, reflecting the gradual onset of neuropathy as compared to other AEs in oxaliplatin-based chemotherapy.
Output 5: Severity and Timing of AEs on an Individual Patient Level
Event charts and heat maps show overall patterns in AE data that can be visually compared between treatment arms. Each horizontal line in the event charts (figures 5a and 5b) for FOLFOX and IROX indicates a single patient's experience with diarrhea over time, thus offering resolution down to the level of an individual patient on a study. The graduated colors indicate the intensity of the AEs (white is no diarrhea, black is grade 4 or 5). The larger amount of dark color in the IROX portion indicates higher grades of diarrhea experienced on that arm early during treatment. Heatmaps produces similar graphics but shows gradual changing of the colors rather than grayscale. The high resolution of event charts and heatmaps provide a gross visual comparison of two cohorts and have the capability to identify subpopulations or individuals that may experience AEs differently. This could lead to investigation such as pharmacogenomics profiling of these patients.
Output 6: Area Under the Curve for Comparison of AEs over Time
An AUC analysis provides a single number to quantify numerous pieces of AE data over time and it captures low grade, longer lasting toxicity. In the conceptual example shown in Figure 6a below, Patient B has little toxicity except for an isolated grade 3 event, while patient A has consistent, grade 2 chronic toxicity over 7 cycles. Maximum grade analyses would depict Patient A's grade 3 experience and overlook Patient B's lower grade but chronic toxicity. However, the higher AUC accurately captures Patient B's substantial toxicity experience. Applied to the cohorts of patients on study N9741, the diarrhea grade over time had a mean AUC of 4.2 for IROX and 2.9 for FOLFOX (p<0.0001) (Figure 6b ). The AUC plot accounts for lower grade often subjective AEs such as chronic fatigue or dyspnea that have the potential to affect patient's quality of life. With a single value, the AUC depicts the entire course of treatment, compares an AE of interest between treatment arms readily and accounts for lower grade, longer lasting toxicity.
DISCUSSION
The evolution toward individualized medicine in oncology with new drugs and regimens that are often administered continuously has driven a shift in patients' experience of toxicity. Our methods for capturing and analyzing AEs in cancer trials should modernize to reflect these therapies. We developed the ToxT analysis, a novel approach to analyzing AEs that incorporates the dimension of time to provide a more complete, longitudinal depiction of chemotherapy toxicity than traditional methods.
ToxT analysis and its outputs can improve AE reporting in cancer trials. In applying the ToxT approach, we selected two very different trials, a cancer therapy trial (N9741) and a symptom control trial (979524), to demonstrate its versatility in defining the time profile of AEs. These trials were selected to introduce ToxT and its analyses, which are applicable to AEs from any chronically administered cancer therapy or supportive care. We are currently applying this longitudinal AE analysis to trials of targeted agents in lymphoma and colorectal cancer at our institution. This approach can better quantify and qualify the impact of subjective AEs over time, such as the AUC of chronic grade 2 neuropathy, and it can also describe the time frame of objective AEs, for example time-to-neutropenia. While applying detailed ToxT analyses to every AE on a given study would not be feasible, we envision that AEs of interest or those with the highest frequency could be selected for longitudinal analysis. Assessing AEs over time may distinguish potentially overlapping toxicities and guide rational dosing approaches in trials. Furthermore, the ToxT offers high resolution analysis, to the level of the individual patient. This type of data could drive pharmacogenomic evaluation of patients with atypical AE responses. Longitudinal methods such as the AUC capture longer lasting, lower grade toxicity, which is of rising importance with chronically administered targeted agents, immunotherapy and maintenance strategies. Current methods overlook these toxicities which can substantially impact quality of life, and they should be accounted for in securing regulatory approval of novel agents with chronic administration.
In addition to its role in improving AE reporting in clinical trials, this analytic approach can directly impact patient care. Several of the graphic outputs can be reviewed directly with patients to facilitate a comprehensive understanding of the anticipated side effects of a given treatment. The between-regimen comparisons can be used to engage patients and oncologists in shared decision making about an upcoming treatment strategy. Additionally, identification of the time profile of an AE can allow for appropriate timing of supportive care when necessary, such as the use of antidiarrheals early on in treatment with irinotecan-based regimens. Demonstrating the time course of adverse events is valuable both to patients on study and off.
Widespread adoption of a novel, comprehensive toxicity analysis will require a paradigm shift. Maximum-grade toxicity reporting has been employed for decades and clinicians as well as study sponsors are accustomed to digesting its tabular format. Our method proposes significant changes to the way in which we process toxicity data, but ones that we feel are worthwhile given the benefits of longitudinal AE analysis in the current era of oncology therapeutics. In the past, systems for toxicity analysis had to be simple due to methodological limitations. The ToxT allows the use of current statistical technology to perform a broad range of analyses that delve deeper into data than ever before, particularly on the time profile of AEs.
Clinicians, principal investigators and regulatory agencies have obvious interest in longitudinal toxicity data, but statistical complexity, heterogeneity and lack of interpretability have limited broad application of existing longitudinal AE evaluation techniques 7, 12 . Accessibility and interpretability of the more complex AE analyses involved in the ToxT are limitations, but ones that can be addressed as we continue to develop and refine this tool. The sheer volume of toxicity-related data available to analyze in a longitudinal analysis is a potential barrier. For example, we recognize that information on AE management (such as timing of growth factors, antiemetics or antidiarrheals) is pertinent to the frequency of a given toxicity, and the lack of details on AE management are a limitation of this study. However, we elected to focus on the time profile of AEs and limit the volume of data analyzed. It would be a valuable next step to collect data on the type and timing of supportive care measures to visualize how these affect toxicity over time, though this would contribute to the volume of data, which has a non-trivial effect on administrative and clerical burden for research assistants and principal investigators. Application of the methods presented and simplified in this report require significant biostatistician support to handle and refine the volume of toxicity data. However, the end outputs produced are intuitive to clinicians and clinical trialists, which is a strength of the ToxT approach. Furthermore, to reduce complexity, we do not anticipate that all of the AE analyses we have presented will be adopted by a given clinical practice, trial or regulatory body. Outputs would be selected and tailored based on the needs of a given study or patient population. We hope these analyses provide a foundation for a deeper understanding of toxicity and its mechanisms. As we move foward with development of this tool, we expect to modify it to include more succinct summarizations of AE data that may be performed without access to considerable biostatistician support.
Improving our statistical methods of AE analysis is the first step in modernizing our overall assessment of toxicity. Multiple other areas for improvement exist. Moving beyond the CTCAE criteria as they exist now and incorporating patent-reported outcomes is an opportunity to improve our current toxicity evaluation 19 . We can draw data directly from patients to accurately assess the experience of treatment with a given drug [20] [21] [22] . Furthermore, harnessing technology such as mobile devices and the internet to facilitate direct patient symptom reporting could provide the opportunity for real-time toxicity evaluation [23] [24] [25] . The novel approach of longitudinal AE analysis we have developed here can complement advances like these to ensure that the comprehensiveness and quality of toxicity data parallels the strides we continue to make in oncology therapy.
RESEARCH INTO CONTEXT
Evidence before this study
Conventional reporting of toxicity in oncology trials is inadequate in the era of chronically administered, novel cancer therapies. The traditional maximum grade approach to toxicity reporting does not depict onset, duration or trajectory of adverse events, nor does it address longer lasting, lower grade toxicities that may occur at substantial expense to a patient's quality of life. Oral targeted agents, for example, are often administered daily, over several months or even years. Maintenance regimens are now relevant in a variety of settings, from myeloma post-transplant to metastatic colorectal cancer. Narrow focus on high grade toxicity is insufficient and potentially misleading. It does not reflect how severe nausea will be at cycle 2, whether a characteristic desquamative rash will occur days or weeks into therapy, or how many patients endure daily grade 2 diarrhea over months. This type of information is important to individual patients, imperative in clinical trials and may also bear significance in the process of securing regulatory approval for novel agents in the future. Longitudinal and graphical methods exist, but to our knowledge, there have not been any clinically focused efforts specifically aimed at modernizing the approach to adverse event evaluation to better reflect side effects of newer, chronic therapies in oncology. The current study aims to challenge conventional paradigms of AE reporting and present a novel approach to toxicity analysis that portrays adverse events over time.
Added value of this study
An improved, clinically oriented, longitudinal approach AE analysis fulfills an important and thus far unmet need in oncology. The current study is a groundbreaking endeavor to transform toxicity assessment in oncology clinical trials. We developed the Toxicity over Time (ToxT) analysis, an automated, standardized, longitudinal approach that constructs clinically meaningful statistical summaries of AE data over time. We demonstrate ToxT analyses with AE data from a completed cancer therapy trial and a symptom control trial. This approach has an role in the clinic, for optimally counseling individual patients on anticipated side effects of a given therapy. Longitudinal toxicity analysis is also critical in oncology trials, to better depict AEs of novel agents or combinations, and facilitate patient-centered clinical trials.
Implications of all the available evidence
This study demonstrates the practical application of a new, longitudinal approach to AE analysis, the Toxicity over Time. The variety of outputs demonstrated in the ToxT analysis uncover clinically relevant information such as time-to-onset of adverse events. Time-dependent toxicity data can spur further investigations -of graduated dosing approaches or the most appropriate timing of symptom control measures, for example. Some analyses, such as the event chart, offer the opportunity to identify subpopulations of patients with atypical AE responses for pharmacogenomic profiling or other individualized assessments. We feel that toxicity evaluation that includes the time profile of AEs in addition to their grade is more comprehensive and meaningful than conventional focus on grade alone. Longitudinal toxicity analysis is applicable and important in a broad range of oncology studies and tumor types and has the potential to improve oncology clinical trials. The event charts produced in Output 5 display overall patterns of AE data for gross comparison between two cohorts. Graduated colors indicate the AE grade (white is no diarrhea, black is grade 4 or 5) and readily display higher grade diarrhea earlier on in IROX (5b) than FOLFOX (5a). As each horitontal line indicates a single patient's experience with an AE over interest over time, event charts offer resolution down to the level of an individual study participant. experience of low grade, longer lasting AEs. AUC analysis can be applied to entire cohorts on study (Figure 6b ), in this case readily revealing a consistently higher grade diarrhea experience over time on IROX compared to FOLFOX. 
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